This paper tries to meet two objectives: A first and preliminary calculation of the size and development of the proceeds of transnational organized crime (TOC) and a breakdown of the different types of crime proceeds, like the ones from drug-, human-, and arms trafficking. One conclusion is that a detailed analysis of the financial proceeds and their sources is crucial in order to reduce the basis of TOC operations.
Introduction
Until 2008, growth of the world economy was quite high and improved the economic wellbeing all over the globe, but this development was accompanied by some risks, too. One of them is transnational organized crime (TOC), which rose remarkably in the last 20 years 1 . This raises the following two questions:
(1) From where does transnational crime get its proceeds, and
(2) What do we know about their size and development?
In this contribution question (1) will be briefly answered, the main focus lies on providing a more detailed answer on the size and development of the finances of transnational crime and their origin (question 2). A detailed analysis of the financial proceeds and their sources is crucial in order to reduce their possibilities, so that the basis of their operations is at least limited.
Our paper is structured as follows: section 2 provides a literature review on the kinds of transnational crime proceeds. Section 3 provides first estimates of the size and development of money laundering for 20 OECD countries over 1995 to 2006 using the MIMIC method, which is also explained in that section. In section 4 some conclusions and policy recommendations are drawn.
Transnational Crime Proceeds 2
Dirty money from crime is earned through various underground activities, like drug, weapons and human trafficking. How much illicit crime money in all its forms can be observed? 3 Baker (2005) estimates that these illicit money ranges between US$ 1.0 and 1.6 trillion in 2000/2001, an estimate that has been adopted by the World Bank. Moreover, Baker estimates that half -US$ 500 to 800 billion a year -comes out of developing and transitional economies. These are countries that often have the weakest legal and administrative structures, the largest criminal gangs of drug dealers, and, far too often, economic and political elites who want to take their money out of the country by any means possible. In table 2.1, Baker's global flows from illicit activities are shown. According to Baker, the proceeds of bribery and theft are the smallest quantities, at only perhaps three percent of the global total. Generated funds from classical crime activities (No 1-7) account for some 30 to 35 percent of the global total crime activities.
Commercial criminal activities, like tax evasion, in particular driven by abusive transfer pricing and faked transactions, as well as mispricing, are by far the largest components, accounting for 60 to 65 percent of the global total crime activities. In Figure 2 .1 an overview of the most important import crime types and their proceeds on a worldwide basis for the year 2008 is given. Drug trafficking to North America, to Europe and to Russia is the most profitable business. Cocaine to America has an estimated proceeds of 38 billion US dollars, cocaine to Europe of 34 billion dollars, heroine to Europe 20 billion and heroine to Russia 13 billion, followed by counterfeit goods to Europe with 8.2 billion and then migrant smuggling from Latin America with 6.6 billion and illicitly traded South Asian timber has a value of 3.5 billion US dollars.
4 Figure 2 .1 clearly demonstrates that the worldwide crime scene is a lively one, but also that drug trafficking is the most profitable business. 
Money Laundering

Methods of Money Laundering
The main goal of money laundering is to make dirty money appear legal (Walker 1999) . There are many methods of money laundering; in table 3.1 according to Unger and Walker (2007) the 12 most common methods are shown. Which method of those 12 mostly used is chosen, depends on the type of crime activity and on the specific institutional arrangements of the country the criminal money is "earned" in. For example, in the drug business method 8, i.e., business ownership is quite often used. 5 In the drug business and in big cities smaller amounts of cash are earned by drug dealers in a lot of different places, which they infiltrate into cash intensive operations such as restaurants which are especially well suited for money laundering purposes. But also cash deposits the so-called smurfing method, or illegal gambling is quite often used. Unger (2007, pp.195-196) . 5 Compare Schneider (2004) and Masciandaro (2004) .
Estimating Financial Flows of Transnational Crime Organizations
As the size of financial flows of the transnational crime organizations is an unknown (hidden)
figure, a latent estimator approach using the MIMIC (i.e. multiple indicators, multiple causes estimation) procedure is applied. This method has quite successfully been used to estimate the size of the shadow economy and is based on the statistical theory of unobserved variables. The statistical idea behind such a model is to compare a sample covariance matrix, i.e., a covariance matrix of observable variables, with the parametric structure imposed on this matrix by a hypothesized model. 6 Using covariance information among the observable variables, the unobservable variable is in the first step linked to observable variables in a factor analytical model also called measurement model. Second, the relationships between the unobservable variable and observable variables are specified through a structural model. Therefore, a MIMIC model is the simultaneous specification of a factor and a structural model. In this sense, the MIMIC model tests the consistency of a "structural" theory through data and is thus a confirmatory, rather than an exploratory technique. An economic theory is thus tested examining the consistency of actual data with the hypothesized relationships between the unobservable (latent) variable or factor and the observable (measurable) variables. 7 In general, a confirmatory factor analysis has two goals:
(i) to estimate parameters such as coefficients and variances and (ii) to assess the fit of the model. 
The structural model determines the unobservable variable t η by a set of exogenous causes
′ that may be useful in predicting its movement and size, subject to a structural disturbance error term t ς . The structural equation is given by:
where ' γ is a q row vector of structural parameters. 8 In equations (1) and (2) it is assumed that t ς and the elements of t ε are normally, independently and identically distributed, the variance of the structural disturbance term t ς is denoted by ψ , and In the standard MIMIC model the measurement errors are assumed to be independent of each other, but this restriction could be relaxed [Stapleton (1978) ...
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The MIMIC model of TOC flows estimated in this paper uses three indicators and nine causes.
Hence, within this model, equations (1) and (2) are specified as follows:
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Substituting (1) into (2) yields a reduced form equation which expresses the relationships between the observed causes and indicators, i.e., between t x and t y . This is shown in equation (5): 
In equation (6) In general, estimation of a MIMIC model uses covariance information of sample data to derive estimates of population parameters. Instead of minimizing the distance between observed and predicted individual values as in standard econometrics, the MIMIC model minimize the distance between an observed (sample) covariance matrix and the covariance matrix predicted by the model the researcher imposes on the data. The idea behind that approach is that the covariance matrix of the observed variables is a function of a set of model parameters:
where Σ is the population covariance matrix of the observed variables, θ is a vector that contains the parameters of the model and ( ) Σ θ is the covariance matrix as a function of θ implying that each element of the covariance matrix is a function of one or more model parameters. If the hypothesized model is correct and the parameters are known, the population covariance matrix would be exactly reproduced, i.e., Σ will equal ( ) Σ θ . In practice, however, one does not know either the population variances and covariances or the parameters but instead uses the sample covariance matrix and sample estimates of the unknown parameters for estimation [Bollen (1989, p. 256] . Σ [Long (1983a) , p. 56].
The most widely used fitting function is the Maximum Likelihood (ML) function. 10 Under the assumption that ( ) Σ θ and S are positive definite, i.e., nonsingular, and S has a Wishart distribution, the following fitting function is minimized:
10 Other estimation procedures such as Unweighted Least Squares (ULS) and Generalized Least Squares (GLS) are also available. ULS has the advantage that it is easier to compute, leads to a consistent estimator without the assumption that the observed variables have a particular distribution. Important disadvantages of ULS are however, that ULS does not lead to the asymptotically most efficient estimator of θ and that ULS F is not scale invariant. The GLS estimator has similar statistical properties like the ML estimator but the significance tests are no longer accurate if the distribution of the observed variables has very "fat" or "thin" tails. Moreover, GLS F accepts the wrong model more often than ML and parameter estimates tend to suffer when using GLS where log is the log of the determinant of the respective matrix and ( ) p q + is the number of observed variables. In general, no closed form or explicit solution for the structural parameters that minimize ML F exists. Hence, the values of λ , γ ,Φ , ψ and ε Θ that minimize the fitting function are estimated applying iterative numerical procedures. 11 The ML estimator is widely used because of its desirable properties. 12 First, the ML estimator is asymptotically unbiased.
Second, the ML estimator is consistent, i.e., p lim = θ θ (θ is the ML estimator and θ is the population parameter). Third, the ML estimator is asymptotically efficient, i.e., among all consistent estimators no other has a smaller asymptotic variance. Fourth, the ML estimator is asymptotically normally distributed, meaning that the ratio of the estimated parameter and its standard error approximate a z-distribution in large samples. Fifth, a final important characteristic of the ML estimator is scale invariance [Swaminathan and Algina (1978) ]. The scale invariance property implies that changes of the measurement unit of one or more of the observed variables do not change the value of the fitting function. This means that λ , γ ,Φ , ψ and ˆε Θ are the same for any change of scale.
It is widely accepted by most scholars who estimate the size and development of informal economic activities such as the shadow economy using the MIMIC model or more general Structural Equation Models (SEMs) with more than one unobservable variable, that such an empirical exercise is a "minefield" regardless which method is used. For example, in evaluating the currently available shadow economy estimates of different scholars, one should keep in mind, that there is no best or commonly accepted method. Each approach has its strengths and weaknesses and can provide specific insights and results. Although SEM/MIMIC model applications in economics are "accompanied" by criticisms, they are increasingly used for estimating the shadow economy and other informal economic activities.
In comparison to other statistical methods, SEMs/MIMIC models offer several advantages for the estimation of informal economic activities. According to Giles and Tedds (2002) , the MIMIC approach is a wider approach than most other competing methods, since it allows one to take multiple indicator and causal variables into consideration at the same time. Moreover, it is quite flexible, allowing one to vary the choice of causal and indicator variables according to the particular features of the informal economic activity studied, the period in question, and the availability of data. SEMs/MIMIC models lead to a formal estimation and to testing procedures, 11 See Appendix 4C in Bollen (1989) for details. 12 The properties are briefly reviewed only. For a detailed discussion see Bollen (1989, pp. 107-123 ).
such as those based on the method of maximum likelihood. These procedures are well known and are generally "optimal", if the sample is sufficiently large [Giles and Tedds (2002) ]. Schneider and Enste (2000) emphasize that these models lead to some progress in estimation techniques for the size and development of the shadow economy, because this methodology allows a wide flexibility in its application. Therefore, they consider it potentially superior over other estimation methods. Cassar (2001) argues that, when compared to other methods, SEMs/MIMIC models do not need restrictive assumptions to operate. Analogously, Thomas (1992, p. 168) argues that the only real constraint of this approach is not in its conceptual structure but the choice of variables.
These positive aspects of the SEM approach in general and the MIMIC model in particular do not only apply in its application to the shadow economy but to all informal economic activities.
Of course this method has its disadvantages or limitations, which are identified in the literature. The three most important points of criticism focus on the model's implementations, the sample used, and the reliability of the estimates:
(1) The most common objection estimating informal economic activities using SEMs concerns the meaning of the latent variable [e.g. Helberger and Knepel (1988) ; Dell'Anno (2003)].
The confirmatory rather than exploratory nature of this approach means that one is more likely to determine whether a certain model is valid than to "find" a suitable model. Therefore, it is possible that the specified model includes potential definitions or informal economic activities other than the one studied. For example, it is difficult for a researcher to ensure that traditional crime activities such as drug dealing are completely excluded from the analysis of the shadow economy. This criticism, which is probably the most common in the literature remains difficult to overcome as it goes back to the theoretical assumptions behind the choice of variables and empirical limitations on data availability.
(2) Helberger and Knepel (1988) (3) Criticism is also related to the benchmarking procedure used to derive "real world" figures of informal economic activities [Breusch (2005a; 2005b) The economic literature using SEMs is well aware of these limitations. Consequently, it acknowledges that it is not an easy task to apply this methodology to an economic dataset but also argues that this does not mean one should abandon the SEM approach. On the contrary, following an interdisciplinary approach to economics, SEMs are valuable tools for economic analysis, particularly when studying informal (unobservable) economic activities. However, the mentioned objections should be considered as an incentive for further (economic) research in this field rather than as a suggestion to abandon this method.
In Figure 3 with human beings and the amount of criminal activities of illegal weapon selling. Also the real police expenditures have the expected negative and highly statistically significant influence together with the per capita income and the functioning of the legal system. The amount of criminal activities of fraud, computer crime turns out not to be significant as well as the amount of domestic crime activities. If we consider the indicators confiscated money has a strongly positive significant influence and the variable "prosecuted persons" is not statistically significant, but has the predicted negative sign. With the help of the MIMIC estimation procedure (compare figure 3.2) Schneider (2008) estimates that money laundering and/or financial turnover from transnational crime has increased from USD 273 billion (1,33% of the total official GDP) in 1995 to USD 603 billion (or 1,74% of the official GDP) in 2006 for 20 OECD countries (Australia, Austria, Belgium, Canada, Denmark, Germany, Finland, France, Greece, Great Britain, Ireland, Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Switzerland, Spain and the United States). These figures are presented in Table 3 .2, which nicely shows the steady increase of the volume of laundered money Austria, Switzerland and the United Kingdom, roughly 5.5 % of the total amount is laundered, which comes close to roughly 10% of official GDP of the three countries. However, it needs to be emphasized that it is not clear whether this money is "only" laundered in these countries or remains in these countries; it may well leave these countries after the laundering process. In general, table 3.8 demonstrates how substantial the amount of laundered money is and that two thirds of these funds are concentrated in only 20 countries. simulated money laundering appears less volatile than the corresponding GDP. As regards the EU-15 macro area, the simulated statistics suggest that money laundering volatility is one-third of the GDP volatility; for the US economy, the same statistics produce a figure of two-fifths.
Considering these estimates we admit that they are pretty high. (2009, p. 849-850) conclude that their model still seems to be the most reliable and robust method to estimate global money laundering, and thereby the important effects of transnational crime on economic, social and political institutions. Rightly they argue that the attractiveness of the distance indicator in the Walker model is a first approximation, but is still quite ad hoc. A better micro-foundation for the Walker Model will be needed in the future. A micro foundation means that, the behavior of money launderers is analyzed, and in particular what makes them send their money to a specific country. Hence, Walker and Unger (2009, p. 850) argue that an economics of crime micro-foundation for the Walker Model would mean that, similarly to international trade theory, behavioral assumptions about money launderers have to be made. Their gravity model must be the (reduced form) outcome of the money launderer's rational calculus of sending their money to a certain country and potentially making large profits. 
Summary and Conclusions
In our paper an attempt is made to estimate the finances of transnational organized crime (TOC).
Our paper reaches the following results:
First, the necessity of money laundering is obvious as a great number of illegal (criminal) transactions are done by cash. Hence, this amount of cash from criminal activities must be laundered in order to have some "legal" profit, to do some investment or consumption in the legal world.
Second, to get an estimate of the extent and development of the amount of the financial means of transnational crime over time is even more difficult 16 . This paper collects some From these preliminary results we draw three conclusions:
(1) The revenues of transnational crime are scientifically extremely difficult to estimate. They are defined differently in almost every country, the measures taken against it are different and vary from country to country and it is not so all clear how large are the revenues of transnational crime. 17 Moreover, we have little empirical evidence, where these dirty or "white-washed" financial means stay or are transferred to.
(2) Fighting transnational crime is extremely difficult, as there are no efficient and powerful international organizations, which can effectively fight against transnational crime 18 .
(3) Hence, this paper should be seen as a first start/attempt in order to shed some light on the grey area of the revenues of transnational crime and to provide some better empirical knowledge.
